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Introduction
A clear trend in securities exchange design is towards the introduction of electronic limit order book systems for equities, derivatives, and bonds. This development has generated a growing literature on order flow and its contribution to market activity and price formation. 1 We analyze the links between information observed through the system by traders, order placement behavior, and the probability structure of the bid-ask spread in this paper. We are particularly interested in whether information on the characteristics of resting orders on the book influences trader behavior and pricing, over and above information available through the flow of trader activity. The question is relevant in debates over disclosure of order information in markets more generally. 2 The investigation here proceeds in three steps, using intraday data on stock index futures trading in a pure limit order book market.
We first exploit advances in conditional duration analysis for the modeling of trader behavior. Duration models are estimated for the arrival of bids, offers, transactions, and order cancellations. Market activity studies, such as that by Biais, Hillion, and Spatt (1995) , generally consist of an examination of a large number of individual pieces of information garnered from order book trading. In a multivariate model-based setting, we instead aggregate such pieces into interpretable blocks. The order book represents a stock of price, volume, and other liquidity information, augmented by the flow of various actions by individual traders. Our fundamental 1 Examples include Biais, Hillion, and Spatt (1995) , Foucalt (1993) , Glosten (1994), and Hollifield, Miller, and Sandas (1996) . Recent developments in electronic limit order book markets and references to other work on the institution are contained in Domowitz and Steil (1999) . 2 The New York Stock Exchange has debated the merits of permitting complete disclosure of the specialist's book, for example, a proposal opposed by the specialists themselves. See Rickard and Lupien (1996) for discussion of the merits of new opaque electronic systems.
differentiation is between these stocks and flows. Engle and Russell (1998) find that information in the form of durations between market events also helps to explain the evolution of transactions behavior. Our models are therefore differentiated by four information sets conditioning the price processes. Abstracting from time-of-day effects, the information sets include (i) lagged event durations and autonomous dynamics in the duration process; (ii) durations augmented by observed order book information pertaining to available pricing and liquidity; (iii) durations supplemented by information on traders' activity, as distinguished from the state of the order book;
and (iv) models combining elements (i)-(iii). Models of market activity also are benchmarked to a no-information case, represented by Poisson arrivals of events.
In the second step, we establish a link between data observed by traders, the evolution of the market, and pricing, through a framework that connects activity in terms of event arrivals to the probability distribution of the bid-ask spread. In a model of the mechanics of the limit order book, the stock of book information and market events influence the arrival rates of orders, trades, and cancellations at various prices.
Through the mechanics of the market structure, these conditional arrival rates determine the probability of observing particular bid-ask spreads. Complementing the new literature on duration modeling, the technique provides a structural interpretation of durations of trading activity in terms of pricing. 3 Using the probability model, information sets nested within the alternative duration models are compared against each other by their usefulness in describing pricing behavior. We present summary statistics with respect to the goodness-of-fit of the spread distributions predicted by the models. To the extent that the model probabilities match the data, the exercise also reinforces the hypothesized links between duration of order placement, transactions, and cancellations, and the probability structure of the order book.
The third step consists of an examination of changes in the spread distribution as market circumstances change, as exhibited by book information and the flow of trader activity. The goal is to determine what changes in information most affect the shape of the distribution, thereby influencing average spreads and the volatility of trading costs represented by the spread. Percentage changes in the spread probabilities are calculated, given changes in each piece of information embodied in the duration and probability models. An aggregate measure of the impact of changes within different information sets is introduced, and supplemented by data on movements of probability mass for specific points of support.
A traditional way to evaluate observable information in duration and spread models is to use inference based on in-sample asymptotic tests of statistical significance for individual variables or groups thereof. This practice presents interpretation problems across the 30 models estimated here. Instead, we use out-ofsample evaluation techniques to judge relative adequacy in describing behavior. Outof-sample criteria mitigate not only problems with "data-snooping" (e.g., Lo and MacKinlay (1990) ), but also those associated with potential overfitting and testing of models within sample. 4 An analysis of out-of-sample forecasts of trade and order factor model of the probabilities of bid and ask prices based on a queuing model of the book, in which the spread influences subsequent bids and offers. 4 Such an approach has been advocated more generally. See, for example, Granger, King, and White (1995) , who note the difficulties in using standard in-sample hypothesis tests for choosing between competing models, and recommend out-of-sample criteria.
placement durations, and the probability distribution of the bid-ask spread, permits us to distinguish between information sets in terms of characterizing market activity.
We also minimize biases by splitting the data into three parts. All "experiments" are performed on an initial three week period of trading data. This includes specification of summary statistics reported, selection of information sets for the conditional duration analysis, and the functional form of models used for the latter. Estimation results reported in the paper are based on nine weeks of trading data, with a period of four weeks separating the "trial" period from the estimation period. The third data period consists of another three weeks of activity, chronologically separated from the estimation period by two weeks. We refer to this data as the "out-of-sample" period. The duration models, probability specification analysis, and comparison of information sets are evaluated based on out-of-sample calculations. The chronological difference between the trial period and the data used for model evaluation is then 15 weeks, the maximum that could be feasibly achieved with our data set.
The data are obtained from trading activity in stock index futures contracts from the consolidated limit order book operated by OM Stockholm and the London Securities and Derivatives Exchange. The data include a complete record of transactions activity and the five best bids and offers on the book, with volume available at each price. Data also are available from an integrated odd-lot book and for block trade crossing activity. In addition to being one of the few complete limit order book datasets in existence, our data have two advantages. 5 First, the use of the future on a broad stock index mitigates asymmetric information problems relative to 5 The most commonly used is the Paris Bourse data, described by Biais, Hillion, and Spatt (1995) . Hollifield, Miller, and Sandas (1996) also use OM data, for a selection of 10 stocks trading in individual equities. 6 This is particularly useful in an analysis of the importance of screen information, which is available to all traders. Second, the examination of trading activity on the index eliminates the need to average results across individual equities, as has been done elsewhere. We deal with only a single order book, as opposed to, say, the 40 on the Paris Bourse system.
We find that trading activity consisting of submissions to the book (bids, offers, and cancellations) substantively depends only on the flow information. The state of the order book, the stock information, cannot predict the evolution of the market. Any correlation between lagged stocks and flows provides negligible improvement in describing limit order book activity. This does not mean that the order book is irrelevant; except for transactions, flow information is garnered from changes in book data. It does imply, however, that liquidity information on the book is secondary to trading flows in determining order placement.
The results on the distribution of the bid-ask spread are consistent with those obtained from the duration models. The usefulness of the flow information in describing arrival activity translates directly into superior pricing forecasts. This provides some support for the hypothesized link between arrival rates and price distributions. There is little gain in the ability to characterize pricing structure from the addition of stock information to that provided by simple lagged durations of activity. A full information model, exploiting the correlations between stock and flow data, exhibits no improvement in descriptions of pricing, relative to conditioning only on the flow of individual trader actions.
traded on the equities order book. Data also are available for trading on the Australian SEATS automated system. 6 We do not observe customer order flow to dealers operating on the system. In index futures trading, the existence of private information is most likely in such order flow, similar to the interbank foreign exchange market.
We also find that the probability distribution of the spread is little affected by changes in book information. In contrast, changes in trader activity shift the distribution considerably, especially with respect to the aggressiveness of order submission.
We describe the data and institutional form of the trading structure in the next section. Summary statistics relevant to the modeling exercise to follow also are presented therein. Section 3 is devoted to the specification and analysis of duration models differentiated by information sets. We delineate the link between durations and the probability structure of bids and offers on the limit order book in Section 4.
Estimates of such probabilities are computed and compared to the empirical distribution of bid-ask spreads out-of-sample, differentiating between information sets. A comparison of the relative impact of different information sets on the shape of the spread distribution is undertaken in Section 5. Some concluding remarks are contained in Section 6.
Trading Institutions and Data

The Market Institution
Trading in stock index futures contracts was launched by OM Stockholm (OMX) in 1985. OMLX, the London Securities and Derivatives Exchange, was established in 1989. We refer to the overall market as OMX, since the order book and trading activity are integrated. 7 Trading in Swedish index futures is based on a consolidated book that includes activity from Sweden, the U.K., Denmark, and the Netherlands.
The trading day is six hours, beginning at 9:00 a.m. and ending at 3:00 p.m. London local time.
7 Clearing is conducted on a local basis.
The basic trading institution is that of a continuous "pure" limit order market.
Trading is anonymous. Orders are prioritized for execution in terms of price and time.
Trades are executed automatically, under one of two circumstances. Counterparty prices may match on the book, or a trader may "hit the bid" or "lift the offer," by executing a single keystroke and submitting desired volume. 8 After a trade, unexecuted volume at the trade price remains on the order book, unless explicitly cancelled. Cancellation of orders may be done at any time. There is no opening algorithm or batch auction at the beginning of the trading day.
Trading on the order book is in round lots of 10 contracts. There is a facility for a small amount of odd-lot trading, but it is integrated with the main book. For example, two odd lots of 5 contracts will automatically match with a round lot of 10.
Block trades are allowed, in the form of "crosses." They appear as separate transactions, but the two sides are not listed on the order book. There is no interference with a cross from activity on the limit order market, unlike the practice on, say, the automated Swiss SOFFEX derivatives system.
Price and volume information are distributed directly from the trading system.
The data include a record of transactions activity and the five best bids and offers on the system, with aggregate volume available at each price. No "indicative" prices are distributed. A trader may choose to view the information through the OM Click interface, or to accept a real-time data feed allowing customized screens, data summaries, and direct processing for any trading strategies chosen.
The Data
Our data are obtained from a trading house that chose the real-time feed option, which permits the archiving of data for analysis. 9 The data are restricted to trading of the OMX futures contract on the Swedish stock index. Prices are denominated in Swedish currency (SEK), and volume is given in number of contracts.
Information is time-stamped to the second. Average trade and order sizes are just below 20 contracts, i.e., 2 round lots.
Although orders, trades, and cancellations on the offer side are larger than on the bid, the differences are small and not statistically significantly different from zero. The averages conceal a great deal of variation. The standard deviation of traded volume is 10.6, compared to a mean of 16.8, for example. Most variation is related to the prevalence of large trades, although transactions of single round lots are common.
Average duration information complements the activity reported in Table I . The total of 1856 orders per day translates into a time between orders of just over 11 seconds. 15 There is no statistical difference between bid and offer arrival rates.
Trades occur once every 2 minutes, on average. The time between cancellations is 48 percent higher than observed for orders, in part reflecting intervening transaction activity. There is no duration asymmetry between cancellation activity at the bid and at the offer. Crosses and odd-lot trades are relatively rare, occuring once every 17 and 44 minutes, respectively.
The models in section 4 relate the distribution of bid-ask spreads to order and trade arrival rates. We check the correlation between market activity and spreads using a simple Poisson formulation incorporating time-of-day effects. There is a statistically significant negative relationship between the spread and order, cancellation, and trade durations, supporting the analysis to follow.
Since there is no opening algorithm in the market, it might be suspected that the first hour of trading might be somewhat special. All statistics are recomputed based on the first hour and the remainder of the day. They differ little from those reported here, except that overall activity is slightly higher in the first hour, consistent with the time of day statistics in Table II .
Information Sets and Associated Conditional Duration Models
There are many "events" that might be used to characterize behavior. We restrict the analysis to the arrival of bids, offers, trades at the bid, trades at the offer, cancellations at the bid, and cancellations at the offer. These might be considered the most obvious events of interest in any case, but are chosen because they comprise inputs to the analysis of bid-ask spreads which follows.
Similarly, there are many "information sets" that could be examined. The choice of a discrete information set is just one way of cutting the data. There is no unique optimal way to do so, and the issue is interpretation. We concentrate on cases of no information, that obtained through autonomous dynamics of the duration process, book information, and information available through traders' actions. The information sets are described and interpreted in Section 3.2 below.
There are also many ways in which to model conditional duration. 16 We use the autoregressive conditional duration (ACD) model of Engle and Russell (1998) . We are more interested in the composition of information relevant to trading activity and spreads than in the precise specification of the autonomous dynamics of duration.
The ACD model provides one way to account for the latter, and there is no specification search over the extremely wide range of alternatives in this respect.
Within the ACD class, there is a variety of distributional and functional form assumptions possible. We clarify those used here in Section 3.1.
Even with all these restrictions, 30 models are estimated and analyzed. We begin with a brief description of the statistical framework upon which the results are conditioned.
The Statistical Model
In the ACD model, the arrival times of the data are treated as continuous timevarying stochastic point processes, an alternative to fixed interval discrete time analysis. The model is derived and justified in several papers. 17 We describe only the parametric form and pseudo-likelihood function used in the estimation.
For any given set of events, e.g., bid arrivals, the underlying stochastic process is manifested by a sequence of times { }
. The elements are arrival times of the point process. Corresponding to the arrival times is a counting process, N(t), which is the number of events which have occurred by time t. The ACD model is a description of such point processes with intertemporally correlated events, for some selected probability density for event i occurring at time t conditioned on past arrival times.
Let the i th duration between events be defined as
. Time dependence within the ACD framework is summarized by a function ψ , which is the expected duration conditioned on past information. The functional form used in this paper corresponds to the ACD (1,1) model of Engle and Russell (1998) . The formulation is analogous to GARCH (1,1) models, and shares many of the same basic properties. The conditional expectation is written as
for all i = 1,…,N. The composition of the vector of variables z varies with the specification of information sets. Regularity conditions for ACD models require positivity with respect to the determinants of durations. This is particularly important in our case, since we analyze out-of-sample forecasts. The restriction is imposed on the z's by taking an exponential transformation. The case of "no information" is modeled by setting all coefficients save the constant term to zero, i.e., constant event arrival rates.
The form of the underlying density of arrivals is taken to be exponential. The possibilities are legion, and we do not claim an exact distributional assumption. As in Engle (1996) , the exponential form is used simply to compute quasi-maximum likelihood estimates (QMLE) of the parameters, a common practice in other contexts.
The pseudo-log-likelihood is given as
All parameter estimates are based on maximization of this statistical criterion.
Conditional on the functional form for the conditional duration, Theorem 1 of Engle (1996) ensures estimated parameter consistency and asymptotic normality under weak conditions. The form of the robust QMLE variance-covariance estimator for the coefficients described therein is used here.
Information Sets
We consider four types of information, which are nested in different ways across models. An additional benchmark is provided by the case of no information. The data comprising each set is summarized in Table IV . All data are directly observable by traders through the trading system. 18
In the context of duration models, the case of no information translates simply into Poisson arrivals, for which arrival rates are constant. The Poisson model is provided only as a benchmark, but is a special case of the ACD formulation.
Information in the ACD model includes lagged and expected durations. The model does not necessarily presume that traders ignore all other observables, rather that other information is completely summarized by expected and lagged duration in activity.
The ACD model is nested within the other three information sets, in the sense that all include lagged duration and expected duration. We call the third information set "state of the order book" or simply the book. Book information consists of resting order volumes disaggregrated by bid and offer, the "length" of the book on bid and 18 An exception may appear to be expected conditional duration, i.e., the autonomous dynamic. This may be computed in real time from observables, however, in the same way as some real offer sides, measured as the number of prices on each side of the book, whether or not the order book is empty, and a small spread indicator. Volume, lack of resting orders, and spreads have been used by Biais, Hillion, and Spatt (1995) , for example, as liquidity characteristics. A theoretical link between the number of prices on the limit order book and execution risk is given in Domowitz and Wang (1994) . Conversations with limit order traders also suggest that a decision to place an order depends on the perceived ability to exit the trade within short periods of time. They have some notion of reservation prices for exit, and look at the range of prices, as well as volumes, available at the time of order submission. The combination yields information on desirability of submission at some price. 19 The state of the book is not the sole purveyor of liquidity information. Arrival We construct the fourth information set to represent this flow in terms of observable characteristics. Transaction information is disaggregated by side of market (trade initiation), and further by size of transaction, discretized into large and small trades. Following Biais, Hillion, and Spatt (1995) , large trades are those that remove all volume at the best quote on the opposite side of the book. New orders and cancellation activity are split between bids and offers. Behavior may differ depending on the aggressiveness of orders, also as documented by Biais, Hillion, and Spatt time options trading systems calculate recursive estimates of GARCH processes, stochastic volatility, or volatility smiles. 19 We examined this intuition, using statistics from the trial sample. Durations between orders depend greatly on whether one observes combinations of large volume/large length, small volume/large length, large volume/small length, and small volume/small length.
(1995) for the Paris Bourse. We split bid and offer flows according to whether orders are submitted at the best quote, worse than the quote, or improving the quote, as separate variables. Similarly, cancellations are disaggregated, depending on whether orders are cancelled at prices equal to the best quote or lower down in the book hierarchy by price. The trial data suggest that odd lot trading has no effect on flows of market activity. Cross trades at larger volumes are included, however.
The state of book and trader action information sets are not nested. We therefore estimate a fifth model that includes a combination of book and trader data.
There are other ways of combining the data decribed above, and several were investigated using the trial sample, based on simple correlations with durations. On the other hand, no included variables were dropped from the formal duration models on grounds of "statistical significance."
Comparisons Across Information Sets
The models are estimated using the functional forms and QMLE techniques described in section 3.1. The probability model of the next section requires that arrival rates of orders, cancellations, and trades be conditioned on the price at which they occur, measured as the number of ticks away from the best offer price in the market at the time of submission. For example, if the best bid is 1350, and an offer arrives at a price of 1425, this measure would be 3 ticks. These variables are included in all models, but coefficient estimates are not reported in Tables V through VIII, which contain other estimates for all 30 models. Time of day effects in the form of hourly indicator variables are included, but also are not reported in the tables.
Out-of-sample summary statistics for forecasts of durations across information sets are contained in Table IX . We include the root mean-square error of forecasts and an out-of-sample pseudo R 2 . The R 2 is constructed by subtracting the ratio of 20 The out-of-sample pseudo R 2 is negative for Poisson offer and offer cancellation arrivals, indicating that the model introduces extraneous noise relative to the variance of the process. 21 These results reinforce those in other studies comparing conditional duration models with constant arrival rates, based on in-sample statistics and measures of overdispersion. See, for example, Engle and Russell (1998) .
The introduction of book and/or trader information generally fails to improve trade duration forecasts relative to the ACD formulation. The decision to trade immediately, as opposed to submitting a limit order, is implemented through hitting the bid or lifting the offer. This is somewhat analogous to submitting a market order, and may not depend on observable market factors directly available through the system, besides price. Alternatively, only a small subset of non-price market information is relevant, while the remainder introduces extraneous noise. If one relies on the in-sample precision and size of coefficient estimates in the trade models, there is some support for this hypothesis. In terms of stock information, the arrival of trades is conditioned by liquidity in terms of volume and depth of prices on the book.
With respect to flow information, previous trades on the same side increase new trade activity, as do cancellations away from the best quotes. Finally, it may be that all information is adequately summarized for the purposes of trades by lagged duration.
Lagged expected duration plays no role once extra information is included, but the coefficient on expected duration is large in the pure ACD formulations for trade duration.
The Probability Structure of the Bid-Ask Spread
We now consider the contribution of screen information to the characterization of limit order market activity, in terms of pricing. We begin with the link between durations and the probability structure of bid-ask spreads.
Order Arrival Rates and Price Distributions
Conditional duration analysis is simply another means of describing event arrival rates. The links between expected duration and intensity functions describing arrival rates are explicated in Cox and Lewis (1966) , and for ACD models in particular by Engle and Russell (1998) . Domowitz and Wang (1994) present a model in which various stationary distributions pertaining to limit order book trading are derived from conditional intensity functions describing, order, trade, and cancellation activity.
In this section, we summarize a subset of results, specializing the analysis to the distribution of the bid-ask spread. 22
The set of possible limit prices is denoted by an increasing sequence, { } where Ys is the number of bids on the book at a price s ticks away from the best offer. 23
Comparisons of Implied Distributions Across Information Sets
The out-of-sample duration predictions are the primary inputs to the spread probability model. The models of Section 3 are inverted to obtain corresponding conditional average arrival rates of orders, trades, and cancellations, differentiated by information set. There is no theoretical guidance for the modeling of Ys. A linear function of s and observed volume is used in the results reported here. Conditional probabilities thus obtained are averaged across the out-of-sample period. 24 All coefficients used, including those characterizing Ys, are those based on the estimation period, and data input is solely from the out-of-sample period. 25 23 Due to the symmetry condition, an alternative calculation uses offer information, but is otherwise the same. 24 Alternatively, one could average the data in estimating the arrival rates, or average the arrival rates across the sample to produce the probabilities. The first is common in static conditional logit analysis, for example. We prefer to average the probabilities themselves to approximate the stationary distribution. This corresponds, for example, to the asymptotic equivalence of sample frequencies and derived stationary distributions from conditioning on the transition matrix in a Markov chain model. 25 There is no natural way to impose summing up constraints on the probabilities, given the parameterization of the arrival models. Affine scaling factors were estimated based on the same sample as used for the estimation of the duration models, and employed in the out-ofsample probability forecasts. We also computed these factors using out-of-sample data as a check, and found that the scaling factors are virtually the same across sample periods. Positivity constraints are not imposed. The usefulness of the flow information in characterizing market activity translates directly into a superior description of pricing behavior. The MSE for the pricing model using the ACD arrivals is over 30 percent higher than for the model incorporating trader activity. Flow information reduces forecast error relative to the stock of information embodied in the limit order book by about 18 percent.
Book information improves the spread probability prediction by only about 6 percent relative to the use only of duration information. Consistent with our earlier results on event durations, the addition of book information to trader flows does not help to describe pricing behavior. The predictive accuracy of the full information model is exactly equal to that of the probability model incorporating flow information.
Flow information does not improve the description of pricing behavior as much
as it does the characterization of market activity in terms of arrival rates. In addition to order and cancellation processes, the probability model incorporates trade duration data. Trade durations are not well explained by the addition of observable screen or 26 More formal comparisons of discrete distributions in settings such as ours are available; see, for example, Bollerslev, Domowitz, and Wang (1997) . A comparison of asymptotic statistical trader activity information, relative to the exclusive use of lagged durations. A proxy for the number of orders resting on the book at various prices away from the best offer also is required. Estimates of the latter are highly imprecise, and the problem is exacerbated in an out-of-sample comparison. Finally, the pricing model is an approximation to the underlying spread probability process, and specification error may play a role.
Particular points of support at which the model fails are evident by comparing the model-based distribution with the empirical distribution. There is clustering of spreads at 4 and 8 ticks in the empirical distribution. Over 50 percent of the spread probability mass is concentrated at the points of support for these spread sizes.
Although the model does well in capturing the probability mass at 8 ticks, it predicts only an 8.8 percent probability of observing a spread of 4 ticks, compared with an average probability of over 22 percent. Clustering at 4 ticks appears to be a phenomenon unrelated to screen information, while a jump to the next tick cluster is well predicted by the model. This one error accounts for approximately two thirds of the overprediction of the cumulative distribution after the point of support that includes the clustering at 4 ticks. 27 The model does well at describing the probability of smaller spreads and the sharp increase in the spread from 4 to 8 ticks.
The Impact of Trading and Book Information on Spread Probabilities
The results thusfar suggest that trading activity describes trader behavior and market spreads better than book information. This finding is consistent with a smaller economic impact of changes in book information relative to traders' actions.
significance levels across information sets that are not always nested adds little insight, however. 27 The calculation excludes the point of support at 8 ticks, which is slightly underestimated by the model.
In order to investigate this hypothesis, we calculate the average percentage changes in the spread probabilities, given each market event embodied in the probability models. Let j denote an event, such as the arrival of a bid at the market quote, with the variable kj taking on the value of 1 if j occurs, and zero otherwise. The average is taken over all N events in the sample. The change is calculated as
where the probabilities are conditional on Oi-1, the state of the market just prior to the observation of the spread, excluding the event j. The result is an "average derivative" relative to the occurrence of a discrete event. Averaging the differences yields the change in the probability of a particular spread due to the event across a variety of accompanying market conditions. The full information model of the last section is used as the basis for the computations.
The changes are reported in percentage terms in Table XI . There is a large number of average derivatives involved, and only a subset of the results is illustrated.
Trade and quote information is reported only for the bid side, since the qualitative results are generally similar for trades or quotes at the offer. We omit cancellation activity. 28 The mean spread is between 7 and 8 ticks, and we report percentage changes averaged across spreads of 1 through 7 ticks and 8 through 10 ticks. 29 Variation across individual spread sizes is illustrated by spreads of 4 and 8 ticks, since much of the activity is concentrated at these points of support.
We also report an aggregate measure of the relative impact of trader activity and book information on the spread distribution, termed the trader/book variation. For 28 Cancellations shift the spread distribution to the right, widening spreads on average. This is a purely mechanical result, and says little about pricing in terms of the spread. 29 The averages are weighted by the empirical probability for each spread size. each point of support in the spread distribution, let M be the number of possible events, j, within our classification of trader activity. Trader variation is given by
Book variation is computed the same way, with j=1,…,M now indexing the possible events within the our classification of book information. The ratio of trader variation to book variation yields the relative absolute magnitude of the impact of trader flow information relative to the stock of information in the limit order book.
Trader/book variation suggests that the impact of trader activity on the spread distribution is far larger than that of book information. Averaging the variation over all spread sizes indicates a three-fold difference between the two types of information.
The ratio can be lower for individual points of support in the distribution, but the difference in impact remains substantial. At 4 ticks, for example, the variation is just over 2, and at 8 ticks, it is about 1.8. The variation is over 73 percent bigger at large tick sizes (8 to 10 ticks) relative to the points of support for smaller spreads.
Investigation of the numerator and denominator of the trader/book ratio suggests that the impact of trader activity increases, while that of book information decreases on average, for points of support for the smaller spreads. This suggests that the book is less relevant to pricing behavior when spreads are small. Table XI suggest the source of these results. For example, large volume on the book decreases the probability of a spread at 4 ticks by about 5 percent and raises the probability of observing an 8 tick spread by only 0.7 percent.
Individual entries in
The effect of an empty book on one side of the market is negligible, on average. In comparison, large trades affect those probabilities by 66 to 80 percent in absolute value.
Trader aggressiveness is an especially important factor for larger spreads, illustrated by the results for spreads of 8 to 10 ticks. The impact of the arrival of a bid that betters the market quote is four times that predicted when the new bid is at the market quote. The difference rises to 10 times the effect when comparing a new bid worse than the market with a quote that betters the existing best bid. Such differences are nonexistent for points of support for spreads of 1 to 4 ticks.
We cannot provide a precise interpretation of the signs of the average derivatives. The average changes reported here are in the spirit of partial derivatives for each individual point of support. A negative sign for an impact on the distribution's probability mass for a spread of 8 ticks, for example, indicates that an event reduces the probability of observing that spread. It follows that the distribution shifts, relative to market circumstances in which the event does not occur. It is not generally possible to determine, however, to where the probability mass actually shifts, e.g., to a higher versus a lower spread size. This would require a theoretical model yielding the dynamics of the spread distribution, which is beyond our scope. 30
Concluding Remarks
In a limit order market, the state of the order book and information events influence order flow. Through the mechanics of the electronic market structure, the order flow updates the book, and the combination influences trading activity. The state of the book changes, providing additional information to the market and leading to new order submission. This cycle is empirically investigated in depth through descriptive statistics in Biais, Hillion, and Spatt (1995) , for example. The emphasis in such work is on the relevance of individual pieces of observable activity on the evolution of the market.
We enlarge this focus through a joint investigation of market activity and pricing in an electronic market, using intraday data on stock index futures trading in a pure limit order book setting. Disparate information describing the market is aggregated into interpretable blocks. Duration models of order submission and trading behavior, differentiated by these blocks of information, are nested within a model describing the probability distribution of the bid-ask spread. We examine cases of no information, autonomous dynamics in arrival processes, stock information, and flow information. The last depends on order and trade activity on the part of individual traders. The stock information is embodied in the state of the order book just prior to observed market events.
The usefulness of our combination of data, information aggregation, characteristics of behavior, and evaluation techniques is illustrated through the consistency and sharpness of results. The main finding of the paper is the importance and superiority of flow information embodied in individual traders' actions in characterizing order submission behavior and the structure of pricing. The state of the book, the stock information, cannot explain subsequent order submission, trade, or pricing behavior based on out-of-sample predictive performance. Any correlation between stocks and flows provides negligible improvement in predictive accuracy relative to information based only on the flows of trader activity. The latter result again holds for market activity and spread distributions. Finally, the probability distribution of the bid-ask spread is little affected by changes in book information. In contrast, changes in trader activity shift the distribution considerably, especially with respect to the aggressiveness of order submission.
The nature of the re sults suggests an interesting conjecture. Despite some differences between electronic and floor markets, the rules governing the double auction that forms the basis for price discovery are fundamentally the same. Market making activity also exists in electronic venues, including the one examined here, similar to that which characterizes trading floors. With few exceptions, a floor trader observes much the same data that we have characterized as flow information, but cannot refer to a limit order book. We find that such flow information drives activity and pricing in a setting in which the book is available. This suggests that trader behavior may not be very different across market structures. Although we cannot verify this conjecture given the nature of our data, some support is available from other studies, based on observable market characteristics. 31
There is one type of activity for which neither stock nor flow information appears to be important, however, namely trade execution. Market activity summarized by the speed with which trading is taking place appears to be sufficient to describe future trading activity. Trade execution is largely implemented through the device of hitting the bid or lifting the offer in this market, a separate type of "order submission" from bids and offers. Limit orders entail the problem of a "free option" that a firm quote presents to the market, permitting the possibility of trades at a sure profit that disadvantage the liquidity provider. The flow of trader activity may permit a better evaluation of the potential benefits of order submission, while the exercise of the option, the trade, does not require screen information. The fact that lagged trade duration information does provide explanatory power for trade execution suggests a heuristic story in our conversations with traders. When the market is moving up or down quickly, real-time traders simply want to buy or sell into the trend, however short lived. This activity is summarized quite well by the autonomous dynamics of trade execution. The order submission decision appears to be more calculated, depending on the arrivals of others to the market, and the speed at which others are buying the security.
studies comparing electronic and floor markets is given in Domowitz and Steil (1999) . Russell, Jeffrey R. and Robert F. Engle, 1998 , Econometric analysis of discrete-valued irregularly-spaced financial transactions data using a new autoregressive conditional multinomial model, Working Paper, University of Chicago.
TABLE I Summary of Daily Activity
This table contains daily order, trade, and cancellation activity, for the period 9/25/95 through 12/15/95, averaged over 30,866 orders, 2876 trades, and 21,070 cancellations of orders. The designations "at quote," "> quote," and "< quote" mean that the order arrived at a price equal to the best price (bid or offer) on the book, greater than that price, and less than that price, respectively. "Large trade" denotes a trade which removed all volume at the best quote on the book, and "small trade" includes all other trades. Bid side at quote 75 -------176
Offer side at quote 78 -------161
Bid side > quote 176
Offer side > quote 686 -------457 
--------------
TABLE IV Information Sets
This table contains lists of variables constituting the different information sets labeled by the titles in the first row of the table. The term, "durations," denotes both expected and actual duration. Large volume is volume above the sample median, and small spread is a bid-ask spread below the sample median. Large offer (bid) length denotes greater than 3 prices appearing on the offer (bid) side of the book. "Large trade" denotes a trade which removed all volume at the best quote on the book, and "small trade" includes all other trades. "Crosses" are trades arranged away from the market, not involving bids and offers on the order book at the time of reporting through the system. "Book empty" means that there are no quotes on either the bid or offer side of the limit order book. , and ψ is the expected duration between events conditioned on past information. The quasi-maximum likelihood estimation is based on a pseudo-likelihood function in which the density of arrivals is exponential. Models are separately estimated for events consisting of the arrival of trades, orders, and cancellations as given in the first row of the tables in Panels A and B. In Panel A, the coefficients on duration and expected duration are set equal to zero. where M is the number of possible events j within the classifications of trader (numerator) and book (denominator) activity. The average derivatives over 1-7 (8-10) ticks are computed by averaging the percentage changes over the points of support of the distribution covering spread sizes of 1 through 7 (8 through 10) ticks. 
